This paper proposes an integrated, conceptual framework that forest managers can use to simulate the multiple objectives/indicators of sustainability for different spatial patterns of forest management practices under alternative futures, rank feasible (affordable) treatment patterns for forested areas, and determine if and when it is advantageous to adapt or change the spatial pattern over time for each alternative future. The latter is defined in terms of three drivers: economic growth; land use policy; and climate change. Four forest management objectives are used to demonstrate the framework, minimizing wildfire risk and water pollution and maximizing expected net return from timber sales and the extent of potential wildlife habitat. The fuzzy technique for preference by similarity to the ideal solution is used to rank the feasible spatial patterns for each subperiod in a planning horizon and alternative future. The resulting rankings for subperiods are used in a passive adaptive management procedure to determine if and when it is advantageous to adapt the spatial pattern over subperiods. One of the objectives proposed for the conceptual framework is simulated for the period 2010-2059, namely, wildfire risk, as measured by expected residential losses from wildfire in the wildland-urban interface for Flathead County, Montana.
Introduction
Maintaining the long-term sustainability of forest ecosystems is challenging due to uncertainty about future changes in socioeconomic, biophysical, and other conditions that influence the achievement of forest management objectives. Several studies have proposed management strategies to enhance the capacity of forest ecosystems to respond or adapt to new or changing conditions or, equivalently, to increase the resilience of forest ecosystems to change [1] [2] [3] [4] [5] [6] . Most studies of this sort focus on how changes in just one condition influence a particular management objective (e.g., how landscape fragmentation resulting from residential development degrades wildlife habitat or how increases in temperature resulting from climate change influence the distribution of tree species). Few studies have assessed how multiple socioeconomic, biophysical, and other conditions influence the multiple objectives for which many forests are managed. This deficiency may be due, in part, to the lack of an integrated conceptual framework that forest managers can use to evaluate the impacts of multiple conditions on multiple forest management objectives and how best to adapt forest management practices to uncertain future changes in those conditions. This paper proposes an integrated conceptual framework for that purpose. The framework: (1) simulates the multiple objectives achieved by different spatial patterns of forest management practices (or patterns for short) under alternative economic growth, land use policy, and climate change futures; (2) ranks feasible patterns for areas managed by different forest managers; and (3) determines if and when it is advantageous for a forest manager to adapt or change the pattern over time in response to economic growth and changes in land use policy and climate. Empirical results are presented for one of the objectives proposed for the framework. 
Proposed Framework
This section begins with an overview of the proposed framework (see Figure 1 ) followed by detailed descriptions of the submodels for that framework. The framework evaluates spatial patterns of forest management practices in terms of four objectives (1) expected residential losses due to wildfire (E(RLW)), or wildfire risk; (2) water pollution; (3) expected net return from timber sales; and (4) extent of potential wildlife habitat. Several submodels and assumptions are used to simulate E(RLW). Future residential development is simulated using the RECID2 land use change simulation model. Input for that model includes the amount of land required for new residential development, which is simulated using the impact analysis for planning (IMPLAN) regional economic model in combination with the growth rates for economic sectors specified by the economic growth scenario and assumptions about the location and density of new residential development as specified in the land use policy scenario. Changes in vegetation over time are simulated using the FireBGCv2 model, which requires inputting temperature and precipitation projections corresponding to a particular climate change scenario, information on current vegetation, landownership patterns, and forest management practices used by landowners. Vegetation changes over time are inputted to the FSim model to estimate burn probabilities for a forested landscape and conditional probabilities of various flame length categories for smaller areas of the landscape. Several models can be used to simulate water pollution and extent of potential wildlife habitat for different spatial patterns of forest management practices. Estimation of expected net return from timber sales is relatively straightforward once the volume of timber harvested and market prices for logs has been determined. The most preferred spatial patterns of forest management practices are determined by ranking feasible spatial patterns of forest management practices using the simulated values of the four management objectives for those patterns in a multiple attribute evaluation method (i.e., fuzzy technique for preference by similarity to the ideal solutionfuzzy TOPSIS). Because each of the four objectives depends on a large number of parameters and assumptions, it is infeasible to conduct a sensitivity analysis with respect to all the possible combinations of those parameters and assumptions. Furthermore, there is little basis for choosing which combinations of parameters/assumptions to include in a sensitivity analysis. For those reasons, it is not feasible to analyze how sensitive the preferred spatial pattern of forest management practices for a landscape is to the parameters and assumptions of the framework. Instead, the focus is placed on grounding the assumptions and inputs used in submodels to accurately represent the socioecological landscape being studied (e.g., see the description of methods used to derive data for the simulation of E(RLW) [7] or the RECID2 model [7, 8] ). The alternative futures analysis described in the next section does allow users to evaluate how sensitive the objectives and preferred spatial pattern of forest management practices are to different alternative futures (i.e., different combinations of economic growth, land use policy, and climate change scenarios). For example, the sensitivity of E(RLW) to three different land use policies has been evaluated [7] .
Alternative Futures Analysis.
The conceptual framework uses alternative futures analysis (AFA) to account for uncertainty regarding future economic growth, land use policy, and climate change. AFA has been used in several studies conducted in several areas of North America, including Pennsylvania [9] , California [10] , the Willamette River Basin in Oregon [11, 12] , the Upper San Pedro River Basin in Arizona and Sonora, Mexico [13] , Wisconsin [14] , and Flathead County, Montana [7] . AFA rests on three premises: (1) decision-makers and stakeholders are unsure about what the future will bring (i.e., there is uncertainty); (2) no single vision of the future is likely to be accurate or superior to all others; and (3) impacts of future change need to be evaluated for a range of conditions [13] . AFA does not predict future outcomes. Rather, it evaluates possible future outcomes under particular assumptions.
In this study, an alternative future consisted of a particular combination of an economic growth scenario, land use policy scenario, and climate change scenario for each subperiod in the planning horizon. An economic growth scenario specifies the average annual growth rate over the planning horizon for each economic sector of the regional economy within which the forests of interest are located. Economic growth in each sector creates new jobs. New jobs are converted into new households and new households require housing units to live in and land on which to build those housing units. The number of new jobs associated with a particular growth rate is projected for each subperiod using the IMPLAN regional economic analysis model [15] . The number of new households associated with the number of new jobs is estimated by multiplying the new jobs by a population-to-jobs ratio and dividing by the average persons per household. The resulting increase in households is multiplied by a housing units-to-households ratio to estimate the increase in housing units associated with a particular growth rate. The amount of additional land required for additional housing units is determined using the RECID2 model described below.
A land use policy scenario specifies: (1) the percentage of housing units in each of six residential housing density classes; (2) setbacks of houses from wetlands and waterbodies; (3) the type and density of residential development allowed in environmentally sensitive areas (i.e., wetlands, streams, rivers, lakes, ponds, and shallow aquifers) and within and outside of sewer accessible areas; and (4) for example, no development on most public land, on parcels in the 100-year floodplain, and on parcels that have an average slope greater than 30%. As the land use policy scenario becomes more restrictive, the density of houses and setbacks from wetlands and waterbodies increases and the type of development allowed in environmentally sensitive areas becomes more limited. For all three land use policy scenarios, only high, urban, and suburban density housing are allowed on seweraccessible parcels; rural, exurban, and agricultural density housing are allowed on all developable parcels. The six residential density classes and corresponding number of housing units per developed hectare are: (1) The RECID2 model uses the requirement for additional housing units in each density class, the number and size of parcels available for new residential development, and development attractiveness scores for developable parcels to determine on which parcels in the WUI to place new residences during each subperiod. More details about the RECID2 model are given by Prato et al. [8] .
The economic growth and land use policy scenarios for a subperiod influence the spatial extent of the wildland-urban interface (WUI), the number and density of homes in the WUI, and expected residential losses from wildfire for that subperiod. A WUI is the area where residential structures are adjacent to or interspersed with wildland vegetation [16, 17] . Expected residential losses from wildfire are the wildfire risk metric used in the decision model for the conceptual framework.
Uncertainty regarding future CO 2 mitigation, nonlinear thresholds in the climate system, and limitations of the current generation of climate models leads to uncertainty about future climate change. Such uncertainty influences vegetative growth, forest succession, and the probability of wildfire in a forested landscape. Climate scenarios and associated projections of temperature and precipitation, which are input to the biophysical models (i.e., FireBGCv2 and FSim), are obtained from the International Panel on Climate Change (IPCC)'s fourth assessment [18] or fifth assessment [19] . To apply the IPCC emission scenarios to a forested landscape at the local level (e.g., at the spatial scale of a national forest), requires spatial and temporal downscaling of the IPCC projections of temperature and precipitation for each emission scenario. Currently, the World Climate Research Program's (WCRP's) Coupled Model Intercomparison Project Phase 5 (CMIP5) [20] provides 12 km 2 resolution temperature and precipitation projections for the A1B, A2, and B1 emission scenarios. The CMIP data are bias corrected (monthly means adjusted and matched to the observational climate data) and validated against observational data using the two-step process described by Wood et al. [21, 22] and Meehl et al. [23] . Because the biophysical models require daily temperature and precipitation data, the CMIP projections are downscaled to daily temperature and precipitation projections using the delta method [7, 24] .
Decision Model.
The decision model uses fuzzy TOPSIS to rank the feasible patterns for each subperiod and alternative future. A pattern specifies which forest management practice (e.g., commercial harvesting, mechanical thinning, or prescribed burning) to apply to each pixel managed by a forest manager. A spatial pattern for a subperiod is feasible if total expenditures on forest management practices for that pattern do not exceed the manager's expected budget for forest management practices for that subperiod. Spatial variability in the biophysical characteristics of pixels and differences in the relative importance of objectives across forest managers could cause the ranking of patterns to vary across forest managers. For example, in terms of the relative importance of objectives, the Multiple Use and Sustained Yield Act of 1960 requires the USDA Forest Service to manage their lands for outdoor recreation, range, timber, watershed, and fish, and wildlife with no use greater than any other (i.e., the five uses or objectives are equally important). In contrast, the primary management objective of a private industrial forest manager is to maximize net return from the sale of logs subject to constraints, such as legally mandated best management practices.
Fuzzy TOPSIS is a fuzzy multiple objective decision method that ranks decision alternatives based on their closeness coefficients [25] [26] [27] [28] . The latter indicate how close the values of the objectives for a feasible pattern are to the values of the objectives for the fuzzy positive-ideal pattern and how far away they are from the values of the objectives for the fuzzy negative-ideal pattern. The fuzzy positive-ideal pattern has the most desirable values of the objectives and the fuzzy negative-ideal pattern has the least desirable values of the objectives.
Advantages of fuzzy TOPSIS are that, unlike the utility function approach to ranking decision alternatives [29, 30] , it does not assume utility independence for objectives and a risk-neutral decision-maker. Utility independence implies that the marginal utility of one objective is independent of the amounts of all other objectives. A risk-neutral decisionmaker compares and ranks alternatives based solely on their expected values.
Application of fuzzy TOPSIS requires: (1) determining which objectives are positive (i.e., more is preferred to less of the objective) or negative (i.e., less is preferred to more of the objective); and (2) selecting narrative descriptions or linguistic variables for both the values of the management objectives and their relative importance. For example, suppose patterns are characterized in terms of four management objectives: wildfire risk; water pollution; net return from the sale of wood products; and extent of potential wildlife habitat. Wildfire risk and water pollution are negative objectives and the sale of wood products and extent of potential wildlife habitat are positive objectives.
In order to rank patterns using fuzzy TOPSIS, forest managers must first rate the simulated values and the relative importance of the attributes. A convenient way to do such ratings is to assign triangular fuzzy numbers to the linguistic variables used in the ratings. A triangular fuzzy number is designated as ( , , ), or simply ( , , ), where is the minimum value, is the mode, and is the maximum value of the triangular probability distribution (Figure 2) . Table 4 is an example of assigning triangular fuzzy numbers to linguistic variables for rating the simulated values of objectives.
Similarly, Table 5 is an example of how to assign triangular fuzzy numbers to linguistic variables for rating the relative importance of objectives.
The triangular fuzzy numbers appearing in Tables 4 and  5 are variants of the ones proposed by Chen [27] .
Ratings of the values and relative importance of attributes can be done by either individual members of a management team or the team as a whole. If ratings are done by individual members, then the fuzzy numbers corresponding to the linguistic variables assigned by individual members are averaged to obtain fuzzy numbers for the management team. For example, if the triangular fuzzy numbers corresponding to the linguistic variables assigned to a particular attribute by the first and second member of the management team are (
(1) , (1) , (1) ) and (
, (2) ), respectively, then the average triangular fuzzy number for the attribute (i.e., (
+ (2) )/2) is used in the fuzzy TOPSIS. If the assignment of linguistic variables is done by the management team as a whole, then the fuzzy numbers corresponding to those assignments are used in the fuzzy TOPSIS.
If there are feasible spatial patterns for subperiod , then the fuzzy TOPSIS ranks those patterns based on the following closeness coefficients:
where + is the vertex distance between pattern and the positive-ideal solution (V + ), and − is the vertex distance between pattern and the negative-ideal solution (V − ). Vertex distances are calculated as follows: is the vertex distance between the weighted normalized fuzzy effect of pattern on objective and the positiveideal solution. For two fuzzy numbers,
For the four attributes considered here, V + = (0, 0) and V − = (1, 1) for wildfire risk and water pollution and V + = (1, 1) and V − = (0, 0) for net return from the sale of wood products and the extent of potential wildlife habitat. The closer (or farther away) is to (or from) one, the more desirable (or less desirable) is pattern . Closeness coefficients are used to rank feasible patterns from most desirable to least desirable in descending order of their closeness coefficients. The preferred feasible pattern for a forest manager is the one whose closeness coefficient is nearest to one. For an application of fuzzy TOPSIS, see Prato [31, 32] .
Simulating
Objectives. This section describes the procedures used to simulate the four objectives considered here. Because there has been considerable research on evaluating the impacts of forest management practices on water quality and the extent of potential wildlife habitat, simulation of net return is relatively straightforward, and little research has been done on simulating wildfire risk; the explanation of the procedures used to simulate wildfire risk is more extensive than the explanations of the procedures used to simulate water quality, extent of potential wildlife habitat, and net return. 
where E (RLW) is present value in the base year of E(RLW) for existing residential properties and E (RLW) is present value in the base year of E(RLW) for new residential properties added during the planning horizon. The base year is the first year in the planning horizon. E (RLW) is defined as
where PV stands for present value in the base year. E (RLW) is undiscounted expected wildfire losses for existing residential properties during subperiod defined as
where is the number of parcels in the WUI containing existing residential properties; is the number of existing residential properties in parcel ; pb is the probability that parcel burns during subperiod ; pS ℎ is the probability that structures on property ℎ in parcel burn during subperiod given parcel burns during subperiod ; is the total value of existing structure(s) on residential property ℎ in parcel during period ;
is the average percentage loss in aesthetic value of residential properties in parcel during subperiod given parcel burns during subperiod ; and TV is the total value of each existing residential property (structure and land) in parcel during subperiod .
is determined using computer-assisted mass appraisal (CAMA) data or similar data for the WUI. CAMA data are typically used to keep track of property values and assessments and determine annual property taxes. pb jt is simulated using the FireBGCv2 and FSim models [33, 34] . pS ℎ is simulated using the procedures described by Prato et al. [35] . VS ℎ is the total value of all existing structures or buildings located on residential property ℎ in parcel during subperiod . It is estimated by VS ℎ = (1 + ) VS ℎ , where VS ℎ is the total value of existing structures located on residential property ℎ in parcel in the first year of the planning horizon determined from the CAMA (or similar) data for that year. is the assumed annual average growth in property values in the WUI over the planning horizon.
is estimated using research results from Stetler et al. [36] on aesthetic property values and reductions in property values following wildfire, information about wildfire impacts on property values obtained from property assessors, and the flame length outputs of the FSim model [34, 37] . A geographic information system (GIS) is used to derive weighted average flame length intensities for parcels and determine one of four fixed amounts of aesthetic property value losses given the average flame length for that parcel [35] . TV is simulated by TV = (1 + ) TV , where TV is the sum of the assessed building and land values for existing residential properties located on parcel at the beginning of the planning horizon, and and are defined above. (pS ℎ )(VS ℎ ) is expected wildfire-related loss in the value of the existing structures located on residential property ℎ in parcel during subperiod . ( )(TV ) is expected wildfire-related loss in the aesthetic value of existing residential properties (including structures and land) located on parcel during subperiod given parcel burns during period .
E (RLW) is defined as
where E ( ) (RLW) is the present value in the base year of expected wildfire losses during the planning horizon for new residential properties added during subperiod . It is defined as
where PV is the present value at the end of subperiod , equals 4 for = 1 (first subperiod), 3 for = 2 (second subperiod), 2 for = 3 (third subperiod), and so forth. E (RLW) is E(RLW) at the end of subperiod for new residential properties added during subperiod . E (RLW) is defined as
where is the number of parcels in the WUI in which new residential properties are added during subperiod ; is the number of new residential properties added to parcel during subperiod ; pb is the probability that parcel burns during subperiod ; pS ℎ is the probability that structures on property ℎ in parcel burn during subperiod given parcel burns during subperiod ; VS ℎ is the total value of new structures added to residential property ℎ in parcel during subperiod ;
is the average percentage of loss in aesthetic value of residential properties in parcel during subperiod given parcel burns during subperiod ; and TV is the total value of structures and land for a new residential property added to parcel during subperiod .
is determined using the RECID2 model described in Section 2.1. Other parameters in (8) are estimated using procedures similar to the ones used to estimate the corresponding parameters in (1) . VS ℎ and TV are simulated using a linked geospatial database of existing property and structure values stratified across neighborhoods in the WUI. Each new residential property added during a subperiod is assigned an appreciated value for the structure(s) on that property and a per hectare land value. Both structure and per hectare land values are drawn randomly from either waterfront or nonwaterfront properties in the same neighborhood within a WUI.
Water
Pollution. Different forest management practices leave different amounts of vegetative cover on a landscape, which influence the runoff rates to waterbodies located downslope of that landscape. For example, commercial harvesting is likely to cause higher soil erosion rates and sedimentation of downslope waterbodies than mechanical thinning. Sediment loads to waterbodies affect the quality of habitat for aquatic species. In addition, water pollution is influenced by the amount and timing of runoff, which is influenced by climate change.
Several biophysical models can be used to simulate water quality for different land uses or land covers. For example, the Soil and Water Assessment Tool (SWAT) was used to simulate the effects of forest management practices on water hydrology, water quality, and ecosystem services [38, 39] . Using SWAT to simulate the impacts of forest management practices and climate change on water quality requires delineating watersheds and running SWAT for each watershed.
Expected Net Return.
Expected net return for a pattern equals the expected total revenue from selling the marketable biomass removed by the forest management practices that make up that pattern, if any, minus the cost of the forest management practices for that pattern. Calculating expected net return requires projecting wood product prices and costs of forest management practices for each subperiod. Wood product prices are market determined and unlikely to vary across forest managers. The cost of a pattern is the sum, overall management practices used in that pattern, of the product of cost per hectare of a forest management practice and the number of hectares to which that practice is applied. Per hectare costs are likely to vary across pixels, even for the same practice, due to spatial variability in slope, aspect, initial forest biomass, forest biomass removed, new road construction and hauling distances (if any), labor and equipment requirements, and other factors. The cost of a pattern is estimated using models, such as the harvest cost model [40] .
Extent of Potential Wildlife
Habitat. Different patterns of forest management practices and climate projections are likely to have different effects on the extent of potential habitat for wildlife species. For example, forest management practices that open up the forest canopy allow more sunlight to reach the forest floor, which stimulates production of grasses and shrubs and improves habitat for herbivores, such as deer and elk. Open logging roads in prime habitat areas for grizzly bear increase interactions between humans and grizzly bear, which tends to increase grizzly bear mortality [2] . Projected changes in temperature and precipitation corresponding to different climate change scenarios can have positive or negative impacts on the extent of potential wildlife habitat depending on the species [41] .
Effects of the spatial pattern of forest management practices and climate change on the extent of potential wildlife habitats can be evaluated by combining land cover/land use data or landscape metrics for each pattern, temperature and precipitation projections for each climate change scenario, and species distribution and persistence models for various species (e.g., [1, 42, 43] ). Landscape metrics can be calculated using computer programs such as FRAGSTATS [44] or APACK [45] . For example, Thoma and Shovic [46] assessed the potential impacts of future climate change on three species by identifying spatial habitat characteristics and extent of present-day occurrence of the species, using the lapse rate to predict elevations that are likely to provide favorable temperatures for the species in 2100 (based on climate projections for the IPCC A2 and B1 emission scenarios), employing species distribution and persistence models to map the resulting extent of current and future potential habitat for the species and comparing the two extents to determine whether the extent of potential habitat for the species increases or decreases.
Rating Values and Relative Importance of Objectives.
Application of fuzzy TOPSIS requires each member of a forest management team or the team as a whole to rate the simulated values and relative importance of objectives using linguistic variables. The task of rating the relative importance of objectives using linguistic variables is relatively straightforward. However, the task of rating simulated values of the objectives can be onerous, especially when there are numerous feasible patterns and/or management objectives. Rating of objectives can be simplified by asking each member of a management team or the team as a whole to: (1) consider an index number for the simulated values of each objective where the range of the index number is [0, 100]; and (2) divide the range for each objective into nonoverlapping intervals where each interval represents a unique linguistic variable (e.g., 0-35 is very low, 36-55 is low, 56-75 is medium, 71-85 is high, and 86-100 is very high). Intervals can vary across objectives and individual members of the management team. The intervals are used to assign linguistic variables to simulated values of objectives. For example, if the simulated value of E(RLW) is 75 for a particular pattern, then E(RLW) for that pattern is high based on the intervals defined above. Once linguistic variables have been assigned to the simulated values of all objectives and their relative importance, they are assigned to triangular fuzzy numbers using schemes such as the ones given in Section 2.2.
Adaptive Management. AM postulates that if human
understanding of nature is imperfect, then human interactions with nature (e.g., application of forest management practices) should (ideally) be experimental [47] . Kohm and . The primary source of uncertainty for the decision problem considered here is that forest managers do not know which alternative future is most likely to occur (i.e., probabilities cannot be assigned to alternative futures). AM can be either passive or active. For the current application, active AM would involve using statistically valid experiments to test hypotheses about how changes in economic growth, land use policy, and climate influence the management objectives achieved by different forest management practices or patterns and determine the best way to adapt forest management practices or patterns to those changes based on the results of the experiments. Although active AM does and passive AM does not provide statistically reliable results, active AM is more difficult and expensive to apply than passive AM.
The proposed conceptual framework utilizes passive AM to determine if and when a forest manager should adapt the pattern in response to economic growth, changes in land use policy, and climate change. Passive AM requires a forest manager to: (1) formulate models of how a forested ecosystem is likely to respond to certain exogenous variables; (2) select the preferred pattern for each subperiod based on the models; and (3) determine whether to change or adapt the pattern over subperiods. The first step involves using the FireBGCv2 and FSim models to simulate fire behavior and burn probabilities for each climate change scenario and subperiod, using RECID2 to simulate changes in residential development in each subperiod for each economic growth/land use policy scenario, and fuzzy TOPSIS to rank the feasible patterns for each subperiod and alternative future. Economic growth, land use policy, and climate change are treated as exogenous variables because changes in these variables are determined, for the most part, by conditions over which local forest managers have little influence.
The second step involves selecting management objectives, rating the simulated values and relative importance of the objectives, and using fuzzy TOPSIS to rank the feasible patterns for each subperiod and alternative future. The preferred pattern for a subperiod and alternative future is the feasible pattern with the highest rank. The third step involves determining if and when it is advantageous for a forest manager to adapt a pattern to changes in the exogenous variables across subperiods. To illustrate the third step, consider a forest manager that has identified five feasible patterns and fuzzy TOPSIS indicates that the preferred patterns for a particular alternative future are pattern 2 in the first and second subperiods, pattern 1 in the third and fourth subperiods, and pattern 5 in the fifth subperiod. These results imply that the forest manager should undertake the following adaptations over subperiods: (1) use pattern 2 in the first two subperiods; (2) switch from pattern
Results
Only a portion of the conceptual framework proposed here has been implemented, namely, simulation of the inputs to E(RLW) and the values of E(RLW) for the WUI in Flathead County, Montana. Simulations were based on: (1) (4) climate projections corresponding to the IPCC A2 emission scenario [18] . Scenarios for economic growth, land use policy, and climate change were assumed to remain constant across the five subperiods. The remainder of this section reports subperiod simulation results for: (1) residential development in the WUI; (2) parcel burn probabilities; (3) four WUI metrics; and (4) E(RLW) for the entire WUI. Simulated areas of parcels required for and converted to the six residential housing density classes for each subperiod are given in Table 1 . Figure 3 illustrates the simulated growth in residential development for parcels in the WUI and the spatial extent of the WUI from 2010 to 2059 for Flathead County. Because rural, exurban, and agricultural development occurs at relatively low densities, between 98% and 99% of the land area converted to new residential properties occurred at those densities. As expected, the area required for and converted to residential development increases over subperiods. Areas required for and converted to residential housing are the same (apart from differences caused by the discrete size of parcels) for all housing density classes and subperiods except the agricultural housing density class in the last subperiod. In that case, area required is 6,139 hectares greater than area converted because of the lack of developable parcels suitable for residential development at the agricultural housing density.
Burn probabilities for developed parcels for the five, 10-year subperiods ending in 2009, 2019, 2029, 2039, 2049 , and 2059 are illustrated in Figure 4 . Parcel-level burn probabilities are highest and increase the most over subperiods in the southwest portion of the county. A greater proportion of the county is exposed to higher burn probabilities at the end (2059) than at the beginning (2010) of the planning horizon. For instance, burn probabilities for large areas in the north central portion of the county increase over subperiods. In general, there is considerable spatial and temporal variability in the magnitude of the parcel-level burn probabilities. 4% for number of WUI parcels, 23% to 65% for the area of WUI parcels, 18% to 29% for the number of WUI residential structures, and 4% to 12% for the area of the WUI. Between 2010 and 2059, the number of WUI parcels increased 21%, the area of WUI parcels increased 393%, the number of WUI residential structures increased 167%, and the area of the WUI (or WUI extent) increased 45%. Subperiod increases in the number of WUI parcels were relatively small because the RECID2 model allows parcels developed at lower housing densities to be subdivided into higher density parcels as the requirement for residential housing increases over time. The WUI extent in 2010 and each subperiod appear as light gray areas in Figure 3 .
Of the four WUI metrics, the area of WUI parcels increases the most across subperiods because of the substantial increase over time in the amount of land converted to residential development at the rural, exurban, and agricultural housing densities. Development at these housing densities requires more land than development at the other housing densities. Simulated nominal and inflation-adjusted values of E(RLW) for all residential properties in the Flathead County WUI are reported in Table 3 No other published studies have developed and implemented a framework for simulating future values of E(RLW) for an alternative future. For that reason, it is not possible to compare the simulated values of E(RLW) presented in this study to the results obtained in other studies.
Conclusion
Uncertainty regarding future intertemporal changes in economic activity, climate, and land use policy poses a management challenge to forest managers and a potential threat to the long-term sustainability of forest ecosystems. Forest managers can meet the challenge and diminish the threat by adaptively managing the forests under their control for future economic growth and climate and land use changes. Unfortunately, the integrated conceptual framework needed to guide adaptive forest management decisions has been lacking. This paper proposes such a conceptual framework. The framework requires: (1) identifying feasible spatial patterns of forest management practices for consecutive subperiods; (2) specifying alternative futures each consisting of a unique combination of economic growth, climate change, and land use policy scenarios; (3) simulating the objectives attained by all feasible patterns in all subperiods; (4) having individual members of a forest management team or the team as a whole rate the simulated values of the objectives for all patterns and subperiods as well as the relative importance of the objectives; (5) using fuzzy TOPSIS to determine the preferred pattern for each subperiod and alternative future; and (6) utilizing the preferred patterns across subperiods to determine how best to adapt the patterns over subperiods for each alternative future.
This paper reports the results of a simulation of the inputs to and values of E(RLW) for the WUI for Flathead County, Montana, during the period 2010-2059. E(RLW) is one of the four management objectives for evaluating the efficacy of forest management practices specified in the conceptual framework. Simulation results indicate that there is substantial spatial variability in E(RLW) within the Flathead County WUI and substantial increases in simulated E(RLW) across the five, 10-year subperiods in the 2010-2059 planning horizon.
Application of the proposed conceptual framework is complex, a feature that would discourage most forest managers from using it. One way to increase forest managers' access to and use of the framework is to incorporate it in a web-based, interactive, spatial decision support system. The latter is a computer-based system that integrates data, information, and models for the purpose of allowing decisionmakers to solve complex, spatial decision problems and evaluate the consequences of alternative scenarios [49] [50] [51] .
